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Abstract— A thirteen year time-series (1994 to 2006) of gross 
annual pasture production (GAPP; representing both pasture 
and crop) was created for the Mediterranean-climate area in the 
southwest of Western Australia (SWWA) using a light-use 
efficiency model, incorporating NOAA-AVHRR and NASA-
MODIS images in combination with climate data. Trends across 
the GAPP time-series were quantified by aggregating pixels to 
spatial regions (called a partition, unit, or spatial support) so that 
the effects of local spatial noise were minimized. We compared 
the GAPP analysis using the three spatial partitioning schemes 
(precipitation zones, Interim Biogeographic Regionalisation for 
Australia (IBRA) eco-regions, and Statistical Local Areas), and 
showed that the aggregation unit’s size & shape impacted on the 
analysis. Our results demonstrate trends in GAPP that may be 
indicative of broader trends in climate change for the SWWA. 
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I. INTRODUCTION
Monitoring vegetation within agricultural regions is critical 
because fluctuations in the amount, extent, and productivity of 
vegetation often occur in response to changing environmental 
conditions. The type of agriculture found in a region depends 
on the prevailing environment, and changes in both the short-
term (e.g. drought), or long-term (e.g. climate change) can 
result in the reduced viability of particular agricultural practices 
and systems. This in turn impacts on the livelihoods of 
individual farmers and rural communities, as well as having 
economic, social and food supply issues. 
Vegetation biomass and growth is influenced by eco-climatic 
factors which include available nutrients, temperature and 
precipitation, and more indirectly soil-water characteristics. 
The growth rate of pastures is additionally influenced by the 
density of plants and their phenological growth stage. 
There has been extensive work on the remote-sensing of 
vegetation, and its monitoring using the widely-used 
Normalized Difference Vegetation Index (NDVI) [1][2][3]. 
Other vegetation indices are available [4] but the advantage of 
NDVI is that it can be calculated from sensors, such as the 
NOAA-AVHRR [5], which have longer time-series of images. 
Such datasets provide monitoring of vegetation characteristics 
such as gross primary production (GPP) [2][6] across large 
geographical extents. There has been other work on the remote 
sensing of pastures [7], but this has tended to focus on crops 
[8], or on rangeland remote sensing [9]. 
While a time-series of images can be examined at an 
individual pixel location, local noise (fine-scale spatial 
heterogeneity) makes it difficult to compare adjacent pixels, 
and it is useful to aggregate pixels to some spatial region 
(called a partition, unit, or spatial support). The choice of 
aggregation unit is critical because its size and shape will 
impact on the analysis [10]. However, for ease of processing 
the aggregation regions are often simple regular squares, or 
anthropological boundaries such as census collection units, 
which bear little relationship to the physical landscape. There 
has been recent interest in the analysis of time-series of satellite 
images using eco- or landuse-regions [6][11][12]. These 
regions are derived from landscape variables such as 
temperature, precipitation, soil and geological units, as well as 
frequently being used in regulatory contexts for reporting data. 
In some environments the key landscape partition may be 
based on a single variable, such as for precipitation zones. 
In this paper we use NOAA-AVHRR Pathfinder [5] and 
NASA-MODIS [13] images in combination with climate data 
and a light-use efficiency model to derive a 13-year time-series 
(1994 to 2006) of Gross Annual Pasture Production (GAPP) 
for the Mediterranean-climate areas in the south-west of 
Western Australia (SWWA). We use three different spatial 
partitioning methods, being zones from a classification of 
precipitation data, the Interim Biogeographic Regionalization 
for Australia (IBRA) [14], and Statistical Local Areas (SLAs) 
[15], to examine trends across the time-series of GAPP and 
precipitation. 
II. APPROACH
A. Time frame and study area 
The images, model predictions, and spatial data presented here 
span the period from 1994 till 2006 over SWWA (Fig. 1). This 
area is a mixture of cropping (predominantly wheat) and sheep 
(extensive grazing management regime), and annual pastures. 
Pastures consist of predominantly subterranean clover 
(Trifolium subterraneum), annual grasses (Lolium rigidum), 
and broadleaf weeds (Arctotheca calendula).While the region 
has areas of native forest, most areas are cleared with scattered 
remnant vegetation. Soils in the study area can be coarsely 
divided into clay, loam and sandy, with sandy soils dominating 
[16]. 
This region experiences a Mediterranean climate, with the 
peak growing season for annual pastures having a well-defined 
start (initialized by plant germination) and finish (defined by 
plant senescence). Vegetation in the region is strongly driven 
by precipitation timing, with the peak precipitation occurring in 
the southern-hemisphere winter months. Total annual 
precipitation across the study period and region ranged from 
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400 – 900 mm, the average annual temperature minimum 
ranged from 7 – 14 oC, and the maximum is ranged from 19 – 
26 oC [17]. 
Figure 1. Study area, showing GAPP averaged across the time-series. 
B. Image and Climate Data 
From 1994 the project used data from the NOAA-AVHRR 
Pathfinder sensor [5] (1 km spatial resolution), and from June 
2002 and 2004 images from the NASA-MODIS sensor [13] 
(250 m spatial resolution). Although AVHRR images were 
available prior to 1994 there were quality issues with the 
Australian datasets which prevented their inclusion. A 
correction for degradation of the AVHRR sensors was 
determined from observations of invariant targets within 
scenes. Images were cloud-masked and geo-referenced. NDVI 
[1][3] was calculated from the top-of-atmosphere reflectance, 
before determining maximum-value composites at the weekly 
time-step suitable for agricultural applications. If a pixel was 
consistently cloudy over the week then the prior week’s NDVI, 
if available, was substituted. 
Daily gridded climate surfaces of precipitation and 
minimum and maximum temperature at 20 km (prior to 2002) 
and 10 km (from 2002) spatial resolution were obtained from 
the Bureau of Meteorology [17] and re-sampled to 1 km spatial 
resolution using a cubic-convolution interpolation. 
C. The GAPP model 
GAPP values for 1994 to 2006 were calculated from weekly 
estimates of pasture growth rate (PGR) derived using satellite 
images, climate data, and a light-use efficiency (LUE) model 
[18], as described in detail by [7]. This method is distinguished 
by LUE values which are constrained by climate indices. PGR 
was validated within the study area by the Department of 
Agriculture and Food WA (DAFWA) using approximately 25-
30 ground sites per year since 1995 [19]. 
PGR calculated at 1 km and 250 m spatial resolution from the 
AVHRR and MODIS NDVI datasets was masked for pixels 
which contained greater than 30% woody vegetation as 
determined from the 25 m landuse dataset [20]. The Perth 
metropolitan region was also masked using the appropriate 
SLAs. PGR was not masked explicitly for urban areas, rivers or 
roads, as visual examination of the dataset showed that these 
land classes typically contain a high proportion of woody-
vegetation and so were captured by the woody vegetation 
mask, or are assumed to be small and have minimal impact on 
the PGR. The resulting PGR represents the mixed pasture and 
crop (e.g. wheat) agriculture typical to the study area. Weekly 
PGR was summed across each year to derive GAPP (Fig. 1). 
D. Spatial Partitions 
The three different spatial partitioning schemes for 
aggregating pixels values within an individual image to coarser 
regions are as follows: 
1. Biogeographic regions for the study area were 
determined from the IBRA dataset from the Australian 
Government Department of the Environment and Water 
Resources [14], which divides Australia into 85 regions and 
404 sub-regions based on major geomorphic and 
environmental features. 
2. SLAs are artificial boundaries that are not derived from 
environmental parameters. The Australian SLA dataset [15] are 
created based on population statistics, and generally follow 
local government boundaries. 
3. Regions with similar total annual precipitation were 
determined from the time-series of total annual precipitation by 
applying a clustering algorithm and a maximum-likelihood 
classification. The 18 parent classes were further classified into 
4 coarser classes based on the minimum distance between 
classes. The results of this statistical classification are not 
spatially contiguous. 
E. Spatio-temporal analysis 
The three spatial partitioning schemes were used to 
aggregate pixel values from each of the 13 GAPP images, 
(1994 to 2006) resulting in a time-series of GAPP statistics (i.e. 
mean, standard deviation, and the coefficient of variation) for 
each region in each partitioning scheme. Individual pixel time-
series were not examined because the spatial heterogeneity 
makes these trends too noisy, and so negates the benefits of 
using an aggregation method. 
To identify whether a positive or negative monotonic trend 
existed in the aggregated time-series data we used a Kendall’s 
Tau test [6][11] which is non-parametric and insensitive to 
outliers, and does not assume that the data are normally 
distributed [21]. The statistic is calculated on the rank 
correlation between successive pairs of values in the time-
series. Values of Kendall’s Tau around zero indicate that no 
trend exists, positive values indicate that a positive trend exists, 
and negative values indicate that a negative trend exists. 
III. RESULTS AND DISCUSSION
A. Spatio-temporal analysis of GAPP and precipitation 
The coefficient of variation of GAPP (Fig. 2a) and 
precipitation (Fig. 2b) within each of the IBRA regions was 
used to compare data between disparate regions. From 
approximately 2002 there is a distinct change in behaviour of 
the coefficient of variation in GAPP in many of the regions 
within the SWWA (Fig. 2a). It is possible that these trends 
have environmental source or anthropological causes due to 
shifts in landuse, although this can not be determined from 
these datasets. A possible source of the change of behaviour in 
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GAPP was the introduction of the MODIS dataset in 2002. The 
spectral sensitivity of MODIS to chlorophyll is significantly 
greater than that for AVHRR. However, rather than moving to 
a new and constant state, the GAPP trends that start around this 
time continue to change throughout the time-period when 
MODIS data is used, so this is unlikely to explain the change. 
Figure 2. Time-series of the coefficient of variation of (a) GAPP and (b) 
precipitation, calculated within each of the IBRA regions. 
Fig. 2b highlights that individual regions have different 
inter-annual behavior of total annual precipitation, without the 
consistent temporal pattern that was seen for GAPP (Fig. 2a). 
While total annual precipitation will capture coarse differences 
between regions (as seen in the precipitation classification), for 
pasture growth it is the intra-annual timing and amount of the 
precipitation that is important. Future analysis should examine 
seasonal precipitation patterns and trends. 
Figs. 3-5 allow visualization of spatial-temporal patterns 
across the study area by mapping the Kendall’s Tau statistic 
calculated from the time-series of region average and region 
standard-deviation of GAPP and precipitation. The trends in 
GAPP and precipitation are not distributed evenly across the 
landscape (Figs. 3a-d). Across most of the inland and more 
northern coastal regions there are decreasing trends in GAPP, 
whereas for most south-western and south coastal regions there 
were increasing trends in GAPP (Fig. 3a). Except for one 
south-west coastal region, all regions displayed an increase in 
variability of GAPP over the study period (Fig. 3b). 
Except for south eastern regions there were negative trends 
in precipitation, with the greatest declines being on the west 
coast and the south west corner (Fig. 3c). The trends in 
precipitation did not mirror trends in GAPP, but regions with 
decreasing trends in GAPP (Fig. 3a) generally had increasingly 
variable precipitation (Fig. 3d). 
Pasture growth in the SWWA is heavily influenced by the 
amount and timing of seasonal precipitation but the water-
logging common in this area [16] can also limit growth. A 
reduction in water-logging is a possible explanation for the 
south-west regions that have increasing trends in GAPP but 
decreasing trends in total annual precipitation. 
B. Spatial Partitioning Schemes 
In addition to using the IBRA regions and sub-regions the 
GAPP time-series was also analysed using the classification 
calculated from precipitation (Fig. 4) and SLAs (Fig. 5). The 
three aggregation schemes reveal how the size and shape of 
regions affects the resulting analysis; all schemes show the 
same general patterns, but alter how the trends can be related to 
the underlying landscape processes. 
For example, the coarse-scale 4-region precipitation 
classification (Fig. 4) divides the landscape up into zones of 
similar total annual precipitation that roughly correspond to the 
distance from the coast. Within these coarse-scale precipitation 
zones the aggregated GAPP has distinct trends, but the coarse-
scale zones do not capture more localized variables such as the 
water-holding capacity of the soils. This highlights the benefit 
of using a multi-level ecoregionalizations such as the IBRA 
which integrates both landscape and climatic factors, as well as 
using aggregation regions at the appropriate spatial scale for 
the analysis. However, the GAPP analyzed using precipitation 
classes (Fig. 4a) shows that the northern coastal IBRA regions 
cut across precipitation zones in the north, so finer-scale 
regions are needed. 
Figure 3. Map of the Kendall’s Tau statistic for each IBRA sub-region 
calculated from the time-series of a) region-average GAPP, b) within-region 
standard-deviation of GAPP, c) region-average precipitation, d) within-region 
standard-deviation of precipitation. 
When the GAPP dataset was analysed using the SLAs (Fig. 
5) the fine-scale of the regionalization is more appropriate to 
capture fine-scale landscape processes and the data can be 
more easily related back to the legal and administrative 
boundaries frequently used for decision making. The spatial-
scale of the SLAs is fine-enough to see local regional detail; 
ideally ecoregions at the same spatial scale would be used, but 
the IBRA regions only go to the scale of the sub-regions used 
here. However, anthropological boundaries of SLAs should be 
used with caution in environmental analyses because they may 
not match up with landscape processes. For example, in the 
SWWA study area the SLAs often are orientated west-east 
based on settlement patterns, and frequently contain large 
environmental differences dominated by changes in the 
precipitation distribution inland from the coast. 
One aggregation scheme that was not used here were the 
Agro-Ecological regions for Australia which represent both 
eco-climatic factors and farming systems [22]. These regions 
are calculated by amalgamating SLAs to coarser regions using 
climate, landform, lithology, soil, natural vegetation, land 
cover, and information such as the major farming system. 
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While these regions do combine environmental and 
anthropological variables, they are still restricted by the 
underlying SLAs. An alternate approach to generate regions for 
agricultural analysis would be to include the time-series of 
GAPP in addition to the eco-climatic variables that are used in 
many schemes. 
Figure 4. Map of the Kendall’s Tau statistic calculated from the time-series 
of a) region-average GAPP, b) within-region standard-deviation of GAPP, for 
the precipitation-classification regions 
Figure 5. Map of the Kendall’s Tau statistic calculated from the time-series 
of a) region-average GAPP, b) within-region standard-deviation of GAPP, for 
SLAs
IV. CONCLUSIONS
Our results demonstrate trends in GAPP that may be 
indicative of broader trends in climate change for the SWWA. 
The GAPP time-series showed a distinct change in behaviour 
starting around 2002 associated with a corresponding increase 
in the within-region variability of GAPP over the same period. 
Across many northern-coastal and inland cropping (wheatbelt) 
regions there were decreasing trends in GAPP, whereas for the 
south-western regions GAPP tended to increase. 
GAPP is calculated from observations of vegetation, so it is 
a good indicator of what actually occurred in the landscape. 
Further analysis of these data at finer spatial scales would 
highlight regions of similar circumstances; some declining, 
some improving, and others with large GAPP fluctuations. 
These changes may be due to climate changes, whether 
increasing, decreasing, or more variable, but changes in GAPP 
may also be due to the modification of farming practices to suit 
shifts in economic conditions. Future work will look at sub-
annual time-steps so that the seasonal profile of GAPP and the 
sub-annual timing of precipitation events can be more closely 
linked, as well as exploring the optimum regionalization for 
GAPP analysis.. 
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